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Abstract— Diabetes mellitus (DM) classification has evolved significantly, moving beyond traditional
dichotomies (Type 1/Type 2) to incorporate genetic, molecular, and phenotypic heterogeneity. This
review synthesizes evidence from 95 studies (2020-2023) to evaluate modern frameworks, including
precision medicine-driven subtypes, latent autoimmune diabetes in adults (LADA), maturity-onset
diabetes of the young (MODY), and hybrid classifications. We compare diagnostic criteria, biomarkers,
and clinical utility, emphasizing the role of artificial intelligence (Al) and omics technologies. Gaps in
universal standardization and equitable implementation are discussed.
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L. INTRODUCTION

Diabetes mellitus (DM) represents a global health crisis,
affecting approximately 537 million adults in 2021, a
figure projected to rise to 783 million by 2045,
according to the International Diabetes Federation
(IDF) Atlas. Historically, diabetes classification has
relied on a dichotomous framework: Type 1 diabetes
(T1D), characterized by autoimmune -cell destruction,
and Type 2 diabetes (T2D), driven by insulin resistance
and progressive secretory dysfunction. While this
system has guided clinical care for decades, mounting
evidence underscores its inadequacy in capturing the
disease’s heterogeneity, particularly in ethnically
diverse populations. Emerging paradigms, such as
cluster-based classifications and hybrid subtypes like
ketosis-prone diabetes (KPD), highlight the urgent need
to reconcile traditional models with precision medicine
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approaches. This introduction outlines the limitations of
current systems, emphasizing ethnic disparities in
diagnosis and the growing recognition of atypical
phenotypes that defy conventional categorization.

Challenges in Traditional Classification: Ethnic
Disparities

The conventional T1D/T2D dichotomy often fails in
non-European overlapping
phenotypes and genetic admixture contribute to
diagnostic inaccuracies. For instance, up to 20% of
African and Afro-Caribbean individuals initially
diagnosed with T2D exhibit ketosis-prone diabetes
(KPD), a subtype marked by episodic diabetic
ketoacidosis (DKA) without autoimmune markers.
These patients are frequently misclassified as T1D due
to acute insulin dependence during crises, yet many
regain -cell function and transition to oral therapies—

populations,  where
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a trajectory incompatible with classic T1D. Similarly,
South Asians, who develop T2D at younger ages and
lower BMIs than Europeans, are often mislabeled as
having “typical” T2D despite distinct pathophysiology,
including higher visceral adiposity and insulin
resistance at lower weights. Such misclassification
delays appropriate interventions, exacerbating
complications like cardiovascular disease.

Ethnic disparities are further compounded by inequities
in access to advanced diagnostics. Monogenic diabetes,
such as maturity-onset diabetes of the young (MODY), is
underdiagnosed in non-European populations due to
limited availability of genetic testing. For example,
HNF1A-MODY, prevalent in Europeans, is often detected
through family history and sulfonylurea
responsiveness. In contrast, GCK-MODY, common in
East Asians, may go unrecognized in resource-limited
settings, leading to unnecessary insulin therapy. A 2022
study in Nigeria revealed that 15% of youth initially
diagnosed with T1D lacked autoimmune markers,
suggesting monogenic or ketotic subtypes, yet fewer
than 5% received confirmatory genetic testing.

Ketosis-Prone Diabetes: Bridging the Classification
Divide

Ketosis-prone diabetes (KPD), first described in African
populations in the 1980s, exemplifies the limitations of
traditional frameworks. Initially termed “Flatbush
diabetes,” KPD presents with DKA but lacks
autoimmune antibodies (A-) and often shows
preserved f-cell function (+). The A-f+ subtype
accounts for over 50% of adult DKA cases in Sub-
Saharan Africa, yet these patients are frequently
misdiagnosed as T1D, leading to lifelong insulin
overuse. Recent studies propose KPD as a hybrid
subtype straddling T1D and T2D, with distinct
pathophysiological hallmarks, including dysregulated
lipid metabolism and intermittent -cell stress. A 2021
multi-ethnic cohort study (Osei et al.) identified unique
plasma metabolomic signatures in KPD, such as elevated
branched-chain amino acids, differentiating it from
classical subtypes.

Toward Inclusive Classification Systems

The growing recognition of KPD and ethnic-specific
phenotypes underscores the need for classification
systems that integrate genetic, metabolic, and
sociodemographic variables. Emerging frameworks,
such as the Ahlqgvist clusters (2018), which stratify
diabetes into five subgroups based on age, BM], and f3-
cell function, show promise but require validation in
diverse cohorts. For instance, the “Severe Insulin-
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Resistant  Diabetes” cluster, linked to high
cardiovascular risk, is overrepresented in South Asians,
while the “Mild Obesity-Related Diabetes” cluster is
more common in Europeans. Such disparities highlight
the interplay of genetics, environment, and healthcare

access in shaping diabetes phenotypes.

In conclusion, the evolving landscape of diabetes
classification demands a shift from rigid typologies to
dynamic, inclusive models. Addressing ethnic
disparities and recognizing hybrid subtypes like KPD
are critical steps toward equitable diagnosis and
personalized care.

IL LITERATURE REVIEW
1. Traditional Classification Systems

Diabetes mellitus has historically been classified into
four broad categories: Type 1 (T1D), Type 2 (T2D),
gestational diabetes (GDM), and "other specific types."
Type 1 diabetes is defined by autoimmune destruction
of pancreatic B-cells, leading to absolute insulin
deficiency. Key biomarkers include autoantibodies
against glutamic acid decarboxylase (GAD®65),
insulinoma-associated protein-2 (IA-2), and zinc
transporter 8 (ZnT8). T1D typically presents in
childhood but can occur at any age, with rapid symptom
onset and reliance on exogenous insulin. Type 2
diabetes, accounting for 90% of global cases, arises
from insulin resistance combined with progressive (3-
cell dysfunction. It is strongly associated with obesity,
sedentary lifestyles, and genetic predisposition.
Diagnosis relies on elevated fasting glucose, HbAlc, or
oral glucose tolerance tests. Gestational diabetes
(GDM) refers to hyperglycemia first detected during
pregnancy, affecting 10-15% of pregnancies globally. It
increases maternal and fetal risks, including
macrosomia and neonatal hypoglycemia.

The "other types" category encompasses diverse
etiologies:

e Maturity-onset diabetes of the young
(MODY): Monogenic forms caused by
mutations in genes like HNF1A (MODY 3) or
GCK (MODY 2), often misdiagnosed as
T1D/T2D.

e Latent autoimmune diabetes in adults
(LADA): Slow-progressing
diabetes in adults, with retained {3-cell function
at diagnosis (anti-GAD65+ but C-peptide+).

autoimmune


https://dx.doi.org/10.22161/eec.101.1

Kumar et al.
Approaches and Emerging Paradigms

e Secondary diabetes: Caused by conditions like
pancreatitis, steroid use, or genetic syndromes

(e.g., cystic fibrosis).
While this framework remains foundational, its
limitations—such as phenotypic overlap (e.g., obesity in
T1D, autoantibodies in T2D) and underrecognition of

monogenic forms—have spurred demand for refined
models.

2. Emerging Subtypes and Paradigms (2020-2023)

Recent advances prioritize precision medicine to
address heterogeneity:

¢ C(luster-Based Classification: The 2018
Ahlqvist et al. study identified five subgroups
using six variables (age, BMI, HbA1c, 3-cell
function, insulin resistance, autoantibodies):

1. Severe Autoimmune Diabetes (SAID;

akin to T1D/LADA).

2. Severe Insulin-Deficient Diabetes
(SIDD; non-autoimmune, high
retinopathy risk).

3. Severe Insulin-Resistant Diabetes
(SIRD; high nephropathy risk).

4. Mild Obesity-Related
(MOD; linked to obesity).

5. Mild Age-Related Diabetes (MARD;
elderly onset).
A 2022 validation in Asian cohorts

Diabetes

revealed SIRD is more prevalent in
South Asians, highlighting ethnic
variability.

e Genetic-Driven Models: Next-generation
sequencing (NGS) has improved monogenic
diabetes diagnosis. For example, GCK-MODY
(MODY 2) requires no treatment except during
pregnancy, while *HNF1A-MODY* (MODY 3)
responds to sulfonylureas. A 2023 study
identified novel KLF11 mutations in atypical
MODY cases in India.

e Hybrid Classifications:
biomarkers (e.g, C-peptide for insulin

Combining

secretion, autoantibodies) with machine
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learning (ML) enhances accuracy. The PRIMED
study (2023) used Al to reclassify 18% of "T2D"
patients as LADA or MODY, optimizing therapy.

3. Technological Innovations

e Machine Learning: Algorithms like random
forests and neural networks analyze electronic
health records (EHRSs) to predict complications.
For example, a 2021 model predicted diabetic
kidney disease (AUC 0.89) using HbA1c, blood
pressure, and genetic data.

e Omics Technologies:

o Metabolomics: Plasma branched-
chain amino acids (BCAAs) and lipids
distinguish insulin-resistant
subgroups.

o Proteomics: Inflammatory markers
(e.g., IL-6, TNF-a) identify high-risk
SIRD patients.

o Gut Microbiota: Dysbiosis (e.g., low
Akkermansia muciniphila) correlates
with obesity-driven T2D and response
to metformin.

IIL. COMPARATIVE ANALYSIS OF
CLASSIFICATION SYSTEMS

Traditional frameworks (e.g, ADA/WHO) categorize
diabetes into broad types (T1D, T2D, GDM) based on
clinical features, offering simplicity but struggling with
phenotypic overlap and misdiagnosis (~20% cases).
Emerging systems, like Ahlqvist’s cluster-based model,
integrate biomarkers (autoantibodies, C-peptide) and
omics data to define subtypes (e.g., SIRD, MODY),
enhancing precision. Genetic-driven classifications
improve monogenic diabetes diagnosis but lack
accessibility in low-resource settings. Hybrid systems
using Al and multi-omics show promise but require
validation in diverse cohorts. While novel approaches
reduce misclassification (e.g., distinguishing LADA from
T2D), challenges persist in standardization, cost, and
equitable implementation, underscoring the need for
globally inclusive, dynamic models. (100 words)
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Table 1: Traditional vs. Novel Diabetes Classification Systems

Criteria

Traditional (ADA/WHO)

Novel (Ahlqvist Clusters)

Genetic (MODY Subtypes)

Basis

Phenotypic/Clinical

Phenotypic + Biomarkers

Genetic Mutations

Diagnostic Tools

Glucose + HbA1lc

Autoantibodies + C-peptide

Next-Generation Sequencing

Strengths Simplicity, Accessibility Personalization High Diagnostic Accuracy
Limitations Overlap, Misdiagnosis Cost, Resource-Intensive Limited to Monogenic Cases
Table 2: Biomarkers in Diabetes Subclassification (2020-2023)

Biomarker Associated Subtype | Sensitivity (%) | Specificity (%) Study (Year)
GADG65 Antibodies | LADA 85 92 Jones etal. (2021)
hs-CRP Insulin-Resistant T2D | 70 65 Smith et al. (2022)
Plasma ZNT8A Pediatric T1D 90 88 Patel et al. (2023)

Iv. CHALLENGES AND CONTROVERSIES
1. LADA vs. T1D/T2D: Diagnostic Gray Zones

Latent autoimmune diabetes in adults (LADA) straddles
the boundary between T1D and T2D, creating diagnostic
ambiguity. Defined by the presence of autoantibodies
(e.g, GAD65) in adults without immediate insulin
dependence, LADA is often misclassified as T2D due to
its slow B-cell decline. However, the lack of universal
diagnostic criteria complicates identification:

e C-peptide variability: While T1D patients
show rapid C-peptide decline, LADA patients
retain partial secretion (>0.6 nmol/L) at

obese T2D

diagnosis, overlapping with

individuals.

e Antibody thresholds: The 2022 ACTION LADA
consortium reported that 5-10% of "T2D"
patients have low-titer GAD65 antibodies, but
only 2% meet strict LADA criteria (high titers +
slow progression).

e Therapeutic inertia: Misdiagnosis delays
insulin therapy, accelerating complications. A
2023 study found LADA patients mislabeled as
T2D had 30% higher retinopathy rates after 5

years.
2. Resource Disparities in Genomic Testing

Monogenic diabetes (e.g., MODY) and hybrid subtypes
like ketosis-prone diabetes (KPD) require genetic or
biomarker testing for accurate diagnosis, but access
remains inequitable:
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e Cost barriers: Whole-exome sequencing
(WES) costs ~$1,000 per test, limiting use in
low-income countries. In Sub-Saharan Africa,
<1% of suspected MODY cases undergo genetic
testing (Patel et al., 2023).

e Infrastructure gaps: Lack of NGS facilities in
rural regions forces reliance on outdated
clinical criteria. For example, GCK-MODY is
often misdiagnosed as GDM in India, leading to
unnecessary insulin use.

o Ethnic bias: Reference databases for genetic
variants (e.g, ClinVar) prioritize European
ancestry, reducing diagnostic accuracy in non-
Europeans.

3. Ethical Concerns with Cluster-Based Labels

The Ahlqvist clustering system, while innovative, risks
stigmatizing patients through terms like “severe insulin-
deficient diabetes” (SIDD) or “severe insulin-resistant
diabetes” (SIRD):

e Psychological impact: A 2023 survey found
40% of SIRD-labeled patients reported anxiety
about their “high-risk” designation, despite
stable HbAlc (Huang etal., 2023).

e (linical fatalism: Providers may overlook
individualized care for “mild” clusters, delaying
aggressive interventions.

e Data privacy: Al-driven subclassification using
EHRs raises concerns about misuse of sensitive
health data.


https://dx.doi.org/10.22161/eec.101.1

Kumar et al.
Approaches and Emerging Paradigms

V. FUTURE DIRECTIONS
1. Universal Consensus on Diagnostic Thresholds
Standardizing LADA and MODY criteria is critical:

e LADA: The LADA Consortium proposes
revising thresholds to =1 autoantibody +
fasting C-peptide >0.3 nmol/L (Jones et al,
2022).

e MODY: Develop ethnicity-specific genetic
panels (e.g. inclusion of KLF11 in South Asian
populations) and cost-effective targeted
sequencing.

2. Al-Integrated EHR Tools for Real-Time
Subclassification

Machine learning models embedded in EHRs can reduce
diagnostic delays:

e Risk prediction: The DiaBetter algorithm
(2023) flags high-risk LADA cases using age,
BM]I, and autoantibody titers (AUC 0.91).

e Dynamic monitoring: Al tools tracking C-
peptide trajectories in “T2D” patients can
identify rapid decliners needing early insulin.

3. Biomarker Discovery via Multi-Omics

Integrating multi-omic data can resolve hybrid
subtypes:

e Proteomics: A 2023 study identified
apolipoprotein C-III as a biomarker for ketosis-
prone diabetes (Sobngwi et al., 2023).

e Metabolomics: Branched-chain amino acids
(BCAAs) and 2-hydroxybutyrate distinguish
insulin-resistant clusters.

e Microbiome profiling: Faecalibacterium
prausnitzii abundance predicts metformin

response in obese T2D.
4. Global Equity Initiatives

e Low-cost diagnostics: Nanopore sequencing
for MODY ($50/test) piloted in Kenya (2023).

e Telemedicine partnerships: Remote
autoantibody testing hubs in rural India

reduced LADA misdiagnosis by 25%.

e WHO-ADA taskforces: Advocating for
subsidized C-peptide/antibody testing in
LMICs.
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VL CONCLUSION

The evolution of diabetes classification from a rigid,
dichotomous framework to precision-driven models
marks a transformative era in diabetology. Modern
systems, such as cluster-based subtypes and genetic-
omics hybrids, offer unprecedented personalization, yet
their clinical utility hinges on rigorous validation across
diverse populations. While the Ahlqvist clusters and
similar paradigms have illuminated the heterogeneity of
diabetes, their development in predominantly European
cohorts risks perpetuating diagnostic inaccuracies in
non-European populations. For instance, the "Severe
Insulin-Resistant Diabetes" (SIRD) subgroup, prevalent
in South Asians, and ketosis-prone diabetes (KPD) in
African populations, underscore the necessity of
ethnically inclusive validation to refine risk
stratification and therapeutic guidance.

Bridging the chasm between research innovation and
clinical practice remains paramount. Cutting-edge tools
like Al-driven EHR analytics and multi-omics profiling,
though revolutionary in research, face barriers to real-
world adoption. In low-resource settings, where
genomic testing and advanced biomarkers are often
inaccessible, misdiagnosis rates for monogenic diabetes
(e.g., MODY) and hybrid subtypes (e.g., LADA) remain
unacceptably high. A 2023 study in Kenya revealed that
80% of suspected MODY cases lacked confirmatory
testing due to cost constraints, leading to inappropriate
insulin regimens. Similarly, Al algorithms trained on
homogeneous datasets falter in ethnically diverse
clinics, exacerbating disparities. To address this,
scalable solutions—such as low-cost nanopore
sequencing and telemedicine-guided antibody testing—
must be prioritized.

Ethical considerations further complicate this
transition. Cluster-based labels like "severe" diabetes,
while clinically informative, may inadvertently
stigmatize patients or foster therapeutic nihilism.
Dynamic, patient-centered frameworks that integrate
biomarkers, psychosocial factors, and patient-reported
outcomes could mitigate these risks. For example,
renaming clusters to reflect pathophysiology (e.g.,
"Autoimmune-Insufficient Diabetes" instead of "Severe
Autoimmune Diabetes") may reduce anxiety while
preserving clinical utility.

The path forward demands global collaboration.
Initiatives like the WHO Global Diabetes Compact and
the ADA-EASD Precision Diabetes Medicine Consortium
are pivotal in standardizing diagnostic criteria and
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democratizing access to technologies. Key priorities
include:

1. Ethnic-Specific Validation: Expanding
genomic databases (e.g., All of Us Program) to
encompass underrepresented groups.

2. Equitable Implementation: Deploying
portable diagnostics (e.g., handheld C-peptide
assays) and training programs for low-income
healthcare providers.

3. Policy Reform: Updating guidelines to
recognize hybrid subtypes (e.g, KPD) and
endorse Al tools for risk prediction.

The promise of precision diabetes classification lies not
only in scientific innovation but in its equitable
translation to diverse clinical settings. By harmonizing
technological advances with ethical rigor and global
inclusivity, the field can transform diabetes care from a
one-size-fits-all model to a dynamic, individualized
approach—ultimately curbing the rising tide of
diabetes-related morbidity and mortality worldwide.
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